Introduction
Satellite remote sensing of the Earth and its atmosphere is a staple of modem geoscience. For many years now a network of geostationary (e.g. GOES-I series, METEOSAT) and polar orbiting (e.g. NOAA-14-NOAA-16) satellites have been providing data used in meteorology and atmospheric science research. More recently, NASA launched three low-altitude satellites (Terra, Aqua and Aura) as a part of the Earth Observing System (EOS) that provides steady, massive streams of data from multiple instruments. These instruments provide an unprecedented opportunity for long-term global observation of the land surface, biosphere, solid Earth, atmosphere, and oceans. The information is used to characterize how the Earth system is changing, as well as to identify and understand the primary causes of that variability [5] .
As a basic principle of remote sensing, satellite instruments measure radiances reflected from Earth. The primary source of this reflected energy can be natural (e.g. solar radiation) or man-made (e.g. as for radar instruments). Depending on the instrument purpose and various operational constraints, different Earth observation satellite instruments have different spectral, spatial, and temporal resolutions. As an example, MODIS (the Moderate Resolution Imaging Spectrometer) instruments, of which there is one each aboard Terra and Aqua, observe the Earth in 36 spectral bands with spatial resolution of 250 m to 1 kIn, and at temporal resolution of about 1 or 2 days [12] . This results in about 1.5 GB of radiance observations daily, and an order of magnitude larger amount of processed data. These data are used to estimate underlying geophysical parameters such as atmospheric temperature profiles, cloud/aerosol properties, snow/ice cover, and vegetation characteristics. These derived, or retrieved, in the parlance of remote sensing, parameters are then used in various applications ranging from natural resource monitoring to development of general circulation models of the atmosphere used in studies of climate change. This paper addresses data fusion challenges related to retrieval of aerosols. Aerosols are small particles produced by natural and man-made sources that both reflect and absorb incoming solar radiation. One of the biggest challenges of current climate research is to characterize and quantify the effect of aerosols on Earth's radiation budget [11, 20] . There are two major sources of aerosol data: (1) satellite instruments, such as AVHRR-2, GOME, TOMS, SeaWiFS, POLDER, MODIS, and MISR; and (2) ground-based instruments, such as those used by AERONET [6] Since data produced from single-instrument operational retrieval algorithms are readily available along with the corresponding satellite radiance observations, we also explore potential benefits of using single instrument data as attributes in the multisource statistical retrieval. Our assumption is that the resulting retrieval algorithm should be at least as accurate as the best single-instrument retrieval. If so, the multisource statistical retrieval approach would represent a promising new method for efficient retrieval of other quantities from multiple sources in a number of different remote sensing applications. 
MISR and MODIS swaths
Low-quality radiance data (MISR radiometric data quality index (RDQI . 2) were flagged and not used in our study.
We also obtained aerosol data for the study area and time periods These were retrieved from MISR radiances by complex, state-of-the-art, deterministic forward simulation models [14] . The main derived quantities are Aerosol Optical Thickness (AOT) at wavelength 558nm, and aerosol type, representing the most likely of 24 candidate types for each scene. For reasons related to computational complexity the resolution of MISR AOT is 17.6km,. Thus, each data point represents the average AOT over a region of size 17.6x 17.6km2 obtained using the radiance information within the scene (Figure 2a ). Aerosol information is retrieved only for regions not covered by clouds.
MISR data contains AOT derived in several different ways. Here we used << Regional Mean AOT >> as the MISR retrieved AOT. We also extracted 37 geometric attributes describing MISR viewing geometry (solar zenith angle, 9 scattering angles, 9 glittering angles, 9 camera view angles, zenith angle, and 9 camera relative view azimuth values). These provide important infomation about camera angles and solar position. The angle attributes are provided at 17.6km resolution and are also important parameters ofthe operational retrieval algorithm [14] . 
MODIS Data
The MODIS instrument aboard Terra is an important instrument for understanding global dynamics and processes occuning on land, in the oceans, and in the lower atmosphere. Unlike MISR, MODIS has a single camera observing radiances over 36 spectral bands between 0.41ium and 14pm at three different spatial resolutions (250m, 500m, lkm) [18] . MODIS has a swath width of 2330km (Figure 1 ). Due to its larger orbital swath, MODIS achieves the global coverage every 1 -2 days. MODIS also collects data during both day and night portions of Terra's orbit.
We obtained MODIS radiance data covering the continental US over eight 16-day cycles: 07/01/02 -08/01/02, 10/01/02 -11/01/02, 12/24/02 -01/23/03, 03/14/03 -04/14/03. The collected data had spatial resolution of 5km and had the total size of about 80GB. We then extracted radiances in the 7 lowest wavelengths (0.47 -2.1ptm) since only those are used in the MODIS operational aerosol retrieval algorithm [10] . We also extracted the uncertainty indices of these radiances as potentially useful information.
We also obtained AOT at 550nm from the MODIS Aerosol Data Product As with MISR computational complexity of the retrieval algorithm dictates, MODIS AOT is provided at reduced resolution, in this case 10km,. Each data point thus represents the average AOT over a region of size lOx10km2 (Figure 2b ). We also extracted 5 geometric attributes (solar azimuth angle, solar zenith angle, sensor azimuth angle, sensor zenith angle, and scattering angle) from the MODIS data. These are important parameters in the MODIS Aerosol Retrieval Algorithm for Land. Finally, as with MISR, aerosol information is not retrieved for regions containing clouds.
bands between 340nm and 1640nm. AERONET has relatively high accuracy and precision [6] and is widely used in validation of satellite-based AOT retrevals [2, 7, 13, 16] .
We obtained2 Level 2.0 cloud-screened and qualityassured AERONET data for 34 sites (Figure 3 ) in the continental US that overlapped with MISR and MODIS observations during the study time periods. Daily average AOT was extracted for each AERONET site Since AOT is a function of wavelength, and since MISR and MODIS AOT retrievals are both available at wavelength of 558nm, AERONET AOT at 558nm was calculated by logarithmic interpolation of daily AOT estimaties at 440nm and 675nm using the Angstrom exponent a440675,n [13] . If a44o675.0, was not provided in the AERONET data file, a440870onm was used. We used this interpolated AOT in our experiments as the AERONET AOT. 
Integration of aerosol data
From the raw data described in Section 2, we constructed the following 3 integrated data tables: (1) MisrAeronet, by spatially and temporally joining MISR and AERONET data, (2) ModisAeronet, by joining MODIS and AERONET data, and (3) MisrModisAeronet, by joining MISR, MODIS, and AERONET data. To join AERONET and satellite data, we apply the following condition: MISR/MODIS AOT retrievals and AERONET AOT retrievals must overlap both spatially and temporally. More precisely, the join is performed when satellite AOT is available for at least one region within 30km of the AERONET location (Figure 4) during the day for which daily AERONET AOT is available. 
Multisource statistical retrieval
In the multisource statistical retrieval problem we learn a regression model that is able to accurately predict an underlying geophysical parameter such as AOT using attributes derived from satellite observations of multiple sensors. Attributes could include observed radiances, ancillary attributes (e.g. cloud or snow cover, topographical properties, vegetation index), or any quantity derived from these variables (e.g. by spatial or temporal aggregation, or nonlinear combination of attributes). In this study, we use attributes listed in the previous subsection, including AOT retrieved by MISR and MODIS operational algorithms. Since AERONET AOT retrievals are assumed to be significantly more accurate than satellite-based retrievals, AERONET AOT was used as the target attribute to be predicted by our regression model. We used a feedforward neural network with one hidden layer, 10 neurons in the hidden layer, and a backpropagation learning algorithm.
An important challenge in evaluating multisource statistical retrievals is how to estimate their accuracy. A standard cross-validation in which data are randomly divided into training and cross-validation samples is likely to produce overly optimistic accuracy estimates because of significant spatial correlation in AOT [19] . To avoid this we used leave-one-site-out cross-validation instead. In other words AERONET data was first grouped per sites. Then, a neural network was trained on the data from all the AERONET sites except the one left out The neural network is then tested on the data from the excluded site. The leave-one-site-out process is repeated for all AERONET sites and the average accuracy is reported as an estimate of retrieval quality. We report accuracy as Rsquared, calculated as Eq. (1), where MSE is the Mean Squared Error (MSE) of prediction, and Var(AOT) is the variance ofthe AERONET AOT target attribute. 
MISR-AERONET fusion
In this experiment we used MisrAeronet data described in Section 3. The scatter-plot in the left panel of Figure 5 compares MISR and AERONET AOT retrievals for 231 MisrAeronet points. There is a strong correlation of 0.83 between MISR AOT and AERONET AOT. The Rsquared accuracy of MISR operational retrieval algorithm was estimated as 0.66 based on the MisrAeronet data (note that by removing the five marked data points from the left panel of Figure 5 as outliers, the R-squared accuracy improves to 0.83). This accuracy serves as the basis for comparison between the operational MISR 657 Table 1 
MODIS-AERONET fusion
In this experiment we used ModisAeronet data described in Section 3. The scatter-plot in the right panel of Figure 5 compares MODIS and AERONET AOT retrievals for 1,463 ModisAeronet points. Compared to MISR there is a somewhat weaker correlation of 0.74 between MODIS AOT and AERONET AOT. The R-squared accuracy of the MODIS operational retrieval algorithm was estimated as 0.57 based on the ModisAeronet data.
As seen from Table 2 , the R-squared accuracy of statistical algorithms that use radiance, uncertainty index, and angle attributes was very small (with range between 0.23-0.28) and significantly below the MODIS operational algorithm. However, when MODIS AOT was added as additional attribute, the R-squared accuracy was significantly higher (with range between 0.59 and 0.64) than that of MODIS operational algorithm. It is interesting to note that the neural network with the smaller number of attributes (only 7 radiances and 7 uncertainty indices) appeared to have higher accuracy than the neural network with the complete set of attributes. Understanding the reasons for such behavior is a topic of our ongoing study. 
MISR-MODIS-AERONET fusion
In this experiment we used MisrModisAeronet data described in Section 3. Consistent with the previous results, for 118 MisrModisAeronet points MISR retrievals achieve higher correlation and R-squared accuracies (0.77 and 0.59, respectively) with AERONET retrievals than MODIS retrievals (0.62 and 0.39, respectively). The first 3 rows of Table 3 are consistent with  observations from Table 1, while the second 3 rows are  consistent with observations from Table 2 . It should be observed that the uncertainty in R-squared estimation is significantly larger than in Tables 1 and 2 due to Table 3 correspond to jointly using attributes from both MISR and MODIS. The results suggest that the integration is highly beneficial by being able to increase the R-squared accuracy to above 0.70. This is a strong indication that fusion of data from multiple sources could maximize retrieval quality compared to traditional singlesource approaches. It also shows that the statistical retrieval algorithm is both a simple and robust approach for utilizing multisource information. In this paper we propose a statistical approach for exploiting multiple sources of remote sensing data to improve the quality of AOT data. The utility of the proposed approach is illustrated on an important problem in remote sensing,: the retrieval of aerosol optical thickness satellite measurements. Specificly aerosolrelated data from the MISR and MODIS instruments aboard the Terra satellite are merged spatially and temporally with data from ground-based AERONET instruments. Results show that a significant improvement in retrieval accuracy can be achieved. While further study is required, we are encouraged by the results presented here and believe that multisource statistical retrievals promise to provide a robust and relatively straightforward framework for integration of data from multiple sources in remote sensing. We plan to persue a more in-depth analysis of this methodology using more data with better spatial and temporal coverage. We also need to explore whether a more effective set of attributes could be constructed that would lead to further improvements in the accuracy.
